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Non-technical summary
Official UK income and poverty statistics come mainly from special income surveys, such as the Family Resources Survey (FRS). Information from alternative sources, such as the British Household Panel Survey (BHPS) is also used to complement the picture and describe how the income distribution and poverty status change over time.
Such use of survey data however is challenged by the absence of systematic comparisons between BHPS data and other official income data, and therefore by our knowledge about differences or similarities across alternative data sources. This paper is a first step in that direction. It compares the BHPS earnings data with those collected in the FRS, using several earnings measures, which account for various key aspects of the two surveys, and contrasting two different points in time (1995/96 and 2003/04) .
We find that the 1995/96 comparisons deliver results that are typically closer between the two surveys than the 2003/04 comparisons. The process that seems to drive most of the differences across the two surveys in our comparative work has to do with the reduced capability of BHPS data to capture characteristics of the current population as the panel becomes older.
Introduction
Official UK income distribution estimates come mainly from special income surveys, such as the Family Resources Survey (FRS). Information from alternative sources, such as the British Household Panel Survey (BHPS), are also used to complement such estimates and draw a longitudinal picture of income mobility and poverty duration (e.g., the Households Below Average Income (HBAI) series published by the Department for Work Pensions).
This use however is limited by the absence of systematic comparisons between BHPS data and other official income data, and thus by our inability to draw informed inferences from differences or similarities across alternative sources. This paper is a first step in that direction. It compares the BHPS earnings data with those collected in the FRS, using several earnings measures, which account for various key aspects of the two surveys, and contrasting two different points in time (1995/96 and 2003/04) , allowing us to assess how the measures have changed over time.
The reason we analyse labour income is because it constitutes a dominant fraction of total income, especially among individuals below retirement age. Furthermore, of the almost 2000 studies that have been produced using BHPS data up to February 2009, about 30% have used either "labour income" or "earnings" or both in their title or in their keyword list (see the BHPS publications database at <http://www.iser.essex.ac.uk/iser/research-library/ bhps-publications-search>). Despite this impressive record of academic publications, the BHPS earnings information has never been formally evaluated against other data sources. investigate whether the two data sources on earnings deliver different results in relation to a number of substantive issues which are relevant to policy makers and social analysts.
For the purposes of our exercise, the FRS seems to be an appropriate comparator.
Like the BHPS, it is a household survey and not an administrative survey of employers (such as the Annual Survey of Hours and Earnings) or an individual-based survey (such as the Labour Force Survey). In addition, the earnings information in the FRS and BHPS questionnaires is collected in similar ways (e.g., question wording and routing; see Sections 2 and 3, and Appendix Table 1 ). Comparing earnings data from FRS and from BHPS, therefore, is likely to be meaningful. The FRS also offers a relatively large sample coverage (as opposed to other household surveys, such as the General Household Survey) and is routinely used to derive official income and poverty statistics.
Using two separate time periods will allow us to see whether the earnings data in the two surveys have become more or less similar over time. During this same time, the BHPS has presumably suffered from attrition bias and benefited from major sample replenishments Our comparative analysis starts with an analysis of means and moves on to consider the whole earnings distributions. For robustness, we look at different earnings measures (e.g., current and usual pay) and make comparisons both using and not using sample weights, imputed cases and other survey-specific features. For each period separately, we perform this analysis both for the entire population and for subsamples stratified along key socio-economic characteristics (e.g., sex, age, education and marital status).
In relation to the second of our contributions, we estimate the probability that a worker has earnings below a specific earnings cut-off (set at 60% of median earnings) or above another cut-off (top earnings decile). Another exercise in which earnings are the dependent variable (although continuously rather than in a discrete fashion as before)
involves the estimation of wage equations where earnings are regressed on a set of individual attributes that are expected to affect wage determination. For this comparison, we use least squares and quantile regressions. Finally, we estimate models that explain the likelihood that a worker contributes to an occupational pension scheme, in which labour income is one of the key determinants, that is, an independent variable. The idea is to check whether the wage effects in such models differ by survey and over time, holding a set of standard covariates constant.
Interpreting our results (regardless of whether we detect similarities or differences between the two surveys) is not trivial and yet very important. The key criterion underlying our interpretation is related to the inherent trade-off between measure homogeneity (that is, the maximal similarity of the definition of earnings measures from the two surveys) and sample size. This trade-off affects the statistical power of the tests in all comparisons and, hence, inference.
This criterion is also related to other survey-specific characteristics, which may render our comparison more difficult. For example, the FRS nonresponse rate has increased from 30% to 36% between the 1995/96 and 2003/04 surveys (Kirri et al., 2005) . Despite lower nonresponse rates, the BHPS is affected by attrition problems. For instance, only 77% of the respondents in the first wave (1991) were successfully re-interviewed in the fifth wave (1995) and this proportion further declined to 65% in the 2003 survey. In addition, given its longitudinal nature and in absence of ad-hoc booster samples, the BHPS has a lower chance than the FRS to keep up with the changing composition of the UK population (e.g., foreign migrants and specific household types Brown et al. (2007) , which builds on earlier UK studies on income data reliability (e.g., Atkinson and Micklewright, 1983; Böheim and Jenkins, 2006) . This in turn is related to other data reliability exercises involving large-scale surveys as well as retrospective information and panel data (e.g., Morgenstern and Barratt, 1974; Mathiowetz and Duncan, 1988; Biemer et al., 1991; Elias, 1996; Dex and McCulloch, 1998; Dayal et al., 2000; Francesconi, 2005) .
The next section describes the BHPS and FRS data sources, paying attention to differences in sample design, data collection and statistical adjustment procedures. These are important statistical features which could help us explain possible differences arising from our comparative exercises. Section 3 discusses our sample selection procedures and presents the measures of earnings used in the analysis. Section 4 formulates the key statistical hypotheses underlying our comparative analysis, and illustrates the empirical strategy.
Section 5 reports the main results from our non-parametric comparisons, while Section 6 uses the earnings measures in three different parametric exercises. In the first two, earnings are on the left-hand side of our regressions (in some cases as a dichotomous variable, in other cases as a continuous variable), whereas in the third evaluation, they are on the righthand side as an explanatory variable. Section 7 concludes.
Data
Sample design
The BHPS is a longitudinal survey designed to be representative of all individuals resident in The FRS weights attempt to correct for differential nonresponse while scaling up sample numbers to the overall population, using the ratio of population to sample counts for subgroups defined on variables reflecting differential response rates. We ought to emphasize that the weighting procedures in the FRS are not entirely identical to those used for the cross-sectional weights in the BHPS. In particular, the FRS weights only aim to calibrate the sample to the current population characteristics, while the BHPS cross-sectional weights try to account for the inclusion of new entrants who, by definition, do not have a wave-1 weight.
Appendix Table 1 summarises these salient features for both surveys, and provides elements of comparison on important aspects other than those just described.
Samples, Measures of Earnings, and Other Variables
Sample Selection
Our empirical study is based on samples of employees currently in employment. These samples also include employees who report having worked the week prior to interview or having a job they were away from in the week prior to interview. Question wording and routing on such variables is very similar between the two surveys. A difference, however, is that while the FRS collects information on up to three jobs (with the first job being either the 'most remunerative' job or the job in which respondents spend most of their time), the BHPS covers only the main job. We, therefore, shall restrict our FRS analysis to first jobs only. 
Earnings Measures
We primarily analyse two earnings measures, although for robustness purposes we also consider several variants of such two measures. Our baseline measures aim at achieving two opposite goals. At one end, we identify a measure that should be collected as accurately as possible in both surveys and thus, ideally, reflects maximal homogeneity between our two data sources. At the other end, we have a measure that trades off homogeneity for maximal sample size, a trade-off that analysts often have to face. We expect to obtain more similar results with the first measure, but at the potential cost of lower statistical power, as a consequence of smaller sample sizes and greater variance. With the second measure, instead, we expect to observe larger differentials by source but to gain greater power and achieve more reliable inferences (see also the discussion in Section 4).
The first measure is given by 'current gross earnings' based on the last pay received.
To enhance homogeneity, we restrict our samples to individuals who consulted their payslip, Our baseline current earnings measures are constructed only for workers whose payslip was consulted.
As mentioned earlier, we explore several departures from this baseline definition.
Besides its relevance as a sensitivity check, analysing each variant separately allows us to assess how critical each restriction is for the homogeneity/sample-size trade-off. Our second measure, which is intended to deliver larger sample sizes, is given by 'usual gross earnings'. This is a measure favoured by many analysts of BHPS and FRS earnings data (e.g., Davies and Joshi, 1998; Ermisch and Francesconi, 2000; Sutherland and Piachaud, 2001; Stewart, 2004; Blundell et al., 2008) . At the opposite extreme to the current earnings measure, the baseline version of this measure includes imputed cases, employees whose last payslip was not consulted and, for the 2003 surveys, workers either from the BHPS all booster samples or, in the FRS case, living in Northern Ireland.
Both FRS and BHPS questionnaires are similar in the way they elicit information on usual earnings. They first ask about the last pay, then ask whether such a pay corresponds to the usual pay, and, only for cases where this does not, they explicitly inquire about usual pay. Therefore, when last pay is the same as usual pay, information on the former is used to construct our usual pay measure. In both the 1995/96 and 2003/04 FRS surveys, if the last pay is reported not to be the usual pay, then we use the variable UGROSS, which records:
"What do/did you usually receive before all deductions?". When, instead, the last pay coincides with usual pay, then GRWAGE is used. In the 1995/96 FRS the last pay information is collected only if the last payslip is consulted. For employees whose payslip is not consulted, we instead derive their gross pay from the last net pay and related deductions which, among others, include national insurance, pensions and superannuations, and medical insurance. The BHPS usual pay information is obtained from the derived variable PAYGU.
This includes imputed data and is derived from the PAYGL variable described above if this corresponds to usual pay, and otherwise from the PAYU variable, which refers to the question: "How much are you usually paid?". If any of such pieces of information is reported after deductions, PAYGU is constructed for the BHPS official data release as a gross amount using information about marital status, partner's activity, and pension scheme membership.
Again, to check for robustness and assess differential results across surveys, we consider five alternative variants of this baseline measure by separately dropping imputed observations, dropping BHPS non-OSMs, dropping FRS workers living in Northern Ireland and BHPS workers from booster samples, using weighted data, and removing the AEI indexing.
Notice that, because of the fieldwork timing differences between the two surveys, for hours per week), whether he/she has dependent coresident children, and whether he/she left full time education before or after age 18. The definitions of such variables are broadly similar in both surveys and are thus unlikely to induce additional differential biases in our comparative exercises. For the sake of brevity, summary statistics on these variables are not reported.
Statistical Hypotheses and Empirical Strategy
As described in Section 3, the way in which our earnings measures are defined adheres to two (possibly conflicting) statistical objectives that are salient in our comparative analysis (Biemer et al. 1991; Rudas, 2008) . At one extreme, we have measure homogeneity while, at the other extreme, sample size. Our earnings variables have been constructed so that crosssurvey homogeneity is arguably highest in the case of the baseline current earnings definition. Sample size, instead, is likely to be maximal in both surveys when we use baseline usual earnings measures.
Most of the statistical analyses performed in this study will be based on hypothesis testing of the type:
where s denotes any statistic of interest, such as unconditional and conditional means, the whole distribution of earnings, and relevant estimates in multivariate analyses.
In all our cross-survey comparisons, we expect similarity in results from (H0) to be proportional to measure homogeneity. That is, we expect to be less likely to reject the null (H0) when current earnings definitions are used than when usual earnings definitions are used. However, because usual earnings can be defined on larger samples, it is likely that the statistical power of any test (H0) performed on such measures is greater, and thus the probability of a Type II error smaller (Mood et al. 1974; Billingsley, 1995) . Therefore, a greater statistical power associated with usual earnings measures may offset our earlier expectation, making us less likely to reject (H0) with usual earnings definitions. Which of such two opposite tendencies actually dominates is an empirical issue which will be assessed in the next two sections.
The variants of each baseline definition (also described in the previous section) relax each definition's specific criterion (that is, homogeneity on the one hand, and sample size on the other) at the cost of either employing less homogenous measures or constructing measures on smaller sample sizes. Analysing these measures separately therefore can give us some evidence of the sensitivity of the results found with our two baseline definitions and may also reveal whether measure homogeneity or sample size matters most to gain statistical power in this application.
As anticipated in the Introduction, the FRS suffers from sizable nonresponse rates, which have increased between the two survey points considered in this study. On the other hand, the BHPS (but not the FRS) data are likely to suffer from attrition, whereby employees with certain (observed and unobserved) characteristics or in specific occupations and industries are less likely to be followed over time (Madow et al., 1983; Kalton and Kasprzyk, 1986; Little and Rubin, 1987; Rubin, 1996) . This issue may add one layer of complications to our cross-survey comparisons. Another layer might come from the BHPS 'vintage effect', that is, the effect driven by undetected trends in the composition of the UK population. If  as a result of panel attrition or vintage effect  the BHPS becomes an increasingly more select sample of the British population, and thus of British workers, we might reject the null more often than we would expect in the 2003/04 comparisons as opposed to the 1995/96 comparisons. Rejecting the null on these grounds, however, does not necessarily invalidate the inference relevant for our analysis (Robins et al., 1995; Chen and Little, 1999) ; nonetheless, it emphasizes the importance of the non-random component of the missing data process in the BHPS, which data collectors and analysts must face.
Results
Comparison of unconditional means
Our first evaluation exercise is based on pair-wise non-parametric comparisons of mean earnings obtained from our two data sources. The mean is a widely used measure of centre of distributions, but, in finite samples, it is known to suffer from the presence of outliers. We repeated the whole analysis using the median as an alternative (more robust) measure of centre and obtained the same qualitative results as those found with the mean. For ease of presentation we focus only on the mean-based results. Interestingly, analyses based on measures of usual earnings do not typically lead to greater departures between sources (as opposed to those based on more homogeneous current earnings definitions), especially if weighted data are used.
Comparison of means by characteristics
Similarities or differences at the aggregate level may only reveal part of the story. We thus repeat our analysis after stratifying workers in each sample along a number of individual demographic and socio-economic characteristics. The results of this analysis are in Table 2, which shows p-values of equality tests. For the sake of brevity, we only report the results obtained with baseline definitions of current and usual earnings. Since these measures are at the opposite extreme of the homogeneity/sample size trade-off, they are likely to identify more extreme cross-survey differences. 
Comparison of distributions
A further nonparametric exercise is to compare the pay measures in the two surveys along their entire distributions. Figure 1 presents the kernel density estimates of current and usual earnings using baseline definitions. Eye-balling these graphs, we can easily see that the BHPS and FRS distributions are fairly close to each other in 1995/96 (panels A and B), and especially in the case of usual earnings. By 2003/04, however, the two distributions are quite different, with the BHPS densities being typically below the FRS densities at low levels of earnings and above them in the middle part or in the right tail (panels C and D).
This evidence is complemented by Kolmogorov-Smirnov (KS) tests of equality of the distributions, which are reported in statistics, which test the hypothesis that our two independent samples are from populations with the same distribution and, differently from the KS test, are more powerful against differences in the tails of distributions (Conover, 1999) . 
Does the Difference Matter for Substantive Analysis?
It is important to establish whether the differences and similarities discussed in the previous section matter for substantive analysis. For this purpose, we perform three exercises. The first exercise looks separately at the probability that an individual's earnings falls below 60% of median earnings and at the probability that an individual's earnings are in the top decile group of the earnings distribution. In the second exercise, earnings are again the dependent variable, but are used as a continuous variable. In this case, we estimate OLS wage equations and also perform quantile regressions. The third exercise considers the probability of participating to an occupational pension scheme for which earnings are one of the (key) explanatory variables. In all exercises, we use simple statistical specifications containing a small number of covariates which allow us to limit sample selection issues as much as possible. Our goal, in fact, is not to come up with a definitive model of, say, the risk of low earnings or of wage determination, but to provide convincing cross-survey comparisons of earnings data.
After pooling FRS and BHPS data, we interact each covariate with a sample indicator (which takes value one if the worker is from the BHPS, and zero otherwise). Such interaction terms are the focus of our attention. If they are not significantly different from zero, then we take this as evidence that the FRS and BHPS earnings data deliver equivalent results in terms of the outcome variable under analysis. If, instead, they are statistically different from zero, then there is evidence of a discrepancy between the two data sources.
Specifically, in the first two sets of cross-survey comparisons, and for each of the two survey years, we separately estimate
where i y is the earnings outcomes of interest (e.g., the probability of having low earnings or earnings in the top decile, or the logarithm of monthly earnings) for worker i, the term β For models of the probability of having low or high earnings, we present results from probit regressions. (Similar results were obtained with logit regression and linear probability models, which for convenience are not reported.) In the case of (log) earnings functions, we also estimate (1) using quantile regression methods (Koenker, 2005) ; in such cases, there is a vector of β coefficients at each estimated percentile. For both exercises, our analysis is mainly based on the two extreme measures of earnings (baseline current and baseline usual), although we also briefly discuss the results obtained with the other intermediate (non-baseline) earnings measures. Moreover, for all exercises, we use same set of covariates, X , which include dummy variables for sex, age (3 dummy variables), whether or not an individual left school before age 18, whether he/she has a child, whether he/she is employed full time (as opposed to part time), marital status (3 dummy variables) and country (4 dummy variables). The reference individual is a woman aged more than 50, who did not leave school before age 18, is childless, has a partner, has a part-time job and lives in England.
In the third set of evaluations, our multivariate probit analysis takes the form (see Maddala (1983), pages 22-27) [ ]
where i p is a binary variable that takes value one if worker i contributes to an occupational pension scheme and zero otherwise, i w is the (continuous) earnings measure of interest (e.g., current earnings or usual earnings), and Φ is the cumulative distribution function of the standard normal distribution. The parameters of interest are 1 β and, especially, 2 β , which along with the other parameters have been estimated by maximum likelihood. Estimations of (2) with linear probability models and logistic regressions yielded the same results as those shown and discussed later, and are therefore not reported.
At the Extremes of the Pay Distribution
Low Earnings
We perform our analysis on (1) for the case in which the 60% cut-off line is computed on the FRS earnings distribution separately from the case in which the cut-off line is determined on the BHPS distribution. Because this exercise is repeated for the two measures of earnings (baseline current and baseline usual) and for each of the two years under analysis, we have eight different cut-offs, which are reported in parentheses in (1)) of the BHPS interaction terms obtained from probit regressions. † Figures are the p-values of the tests of joint significance of the β interaction terms (in bold are the cases in which the BHPS-FRS difference of the β interaction terms is jointly statistically significant at conventional levels). Notice that the 2003/04 estimates for usual earnings are insensitive to whether the line is drawn with FRS or BHPS data. This is because the two lines are virtually at the same level (£155.21 on FRS and £155.19 on BHPS) and, thus, define identical dependent variables. ** statistically significant at the 0.01 level; * statistically significant at the 0.05 level.
In general, the determinants of the probability that a worker has earnings below 60% of median earnings differ depending on whether we use BHPS or FRS data. This is true Table 4 do not seem large enough to justify an interpretation of our results entirely based on differential attrition. Although differential attrition is likely to play a role (and appeared to be a credible explanation in our nonparametric analysis), there might be therefore other dimensions to consider, such as missing data issues on all covariates and not just the earnings variables, specification errors in (1), and unobserved heterogeneity affecting both (1) and the attrition process. Accounting for the effect of any such processes is beyond the scope of this paper, but we will come back to these issues in the conclusions. Table 5 reports p-values of the tests of joint significance for the cross-survey comparisons on the probability that a worker is observed in the top decile of the earnings distribution by year and type of earnings measure. The β estimates associated with the covariates are not shown because of space concerns. Again, the eight cut-offs, which vary depending on year, earnings definition and survey, are in parentheses. With the exception of the 2003/04 current earnings figures, the year-specific differences in such values between the two surveys are small. Note. In bold are the cases in which the BHPS-FRS difference of the β interaction terms is jointly statistically significant at conventional levels.
Top Decile
When the dependent variable is defined using current earnings measures, the two surveys do not produce significantly different estimates, except for the 1995/96 case if the top decile value is determined on the BHPS sample (p-value=0.046). If instead the dependent variable is based on usual earnings, we find that the cross-survey differences in 2003/04 are significantly greater than the corresponding differentials in 1995/96, regardless of whether the top decile value comes from the BHPS or the FRS sample. This suggests that differential attrition/vintage effect arguments could be relevant in this case. Interestingly, most of the significant cross-survey time differences are driven by education ('left school before age 18') and employment status ('working full time').
Wage Determination and Sensitivity Checks
We estimate equation (1) with log earnings as our dependent variable by ordinary least squares (OLS) and quantile regressions at the 10-th, 25-th, 50-th (median), 75-th and 90-th percentiles. To check for robustness, we repeated all the multivariate analyses presented so far (probability of having low earnings, probability of being in the top decile, and wage determination) using the other non-baseline earnings definitions. For the sake of brevity we cannot show such results but only summarise their two key implications. First, the pattern of results reported in Tables 4-6 and discussed above is broadly confirmed. In particular, even in the absence of a systematic relationship by type of measure and outcome, the cross-survey differences in 2003/04 tend to be greater than those in 1995/96. These differentials are typically accounted for by age and gender in the case of the probability of having low earnings, and by age, education, and employment status in the cases of the probability of being in the top decile and earnings equations. Second, and in line with what we found from the non-parametric analysis of Section 5, we cannot detect significant differences along the homogeneity/sample size trade-off. That is, there is no substantial gain in statistical power by reducing homogeneity i.e., by moving away from the baseline current earnings measure.
Likewise, we do not reject the null hypothesis of equal effects less often when using more homogenous measures on smaller samples.
Occupational pension plan participation
In our last validation exercise, the earnings variable is on the right-hand side of a multivariate regression model as in equation (2). In this case, we estimate the probability that an employee contributes to an occupational pension scheme with a probit regression model and a specification that is commonly used in the statistical analysis of pension plan entitlements (Disney and Whitehouse, 1996; Lumsdaine and Mitchell, 1999; Ginn and Arber, 2000; Banks and Smith, 2006; Barr and Diamond, 2006 Beside (log) earnings, our regressions contain the same set of explanatory variables X used in the previous analysis when the earnings variable was on the left-hand side of the model (age, education, sex, region, employment status, and marital status). Table 7 reports the results on the 1 β and 2 β coefficients of (2), that is, the average log wage effect and the differential wage effect of the BHPS survey respectively, separately for each year and for the two baseline earnings measures. To ease interpretation, they are expressed as marginal effects, while the estimates on the X variables are not shown for the sake of brevity. The table also shows p-values of the χ 2 tests for the joint significance of all survey interaction terms, including and excluding the earnings interactions. (2) At the bottom of the table, below the statistics on overall fit, we present the proportion of workers who participate in an occupational pension scheme and the size of each estimating sample. Such proportions vary slightly in relation to the earnings definition, which in turn affects the sample size. For the model with current earnings, 56-57% of workers in the pooled FRS-BHPS sample contribute to an occupational plan in either period, with the BHPS workers reporting a slightly greater propensity to contribute (61% versus 56% among FRS workers). The fraction of contributors is smaller (around 50%, both in the pooled sample and in each survey-specific sample) in the models with usual earnings, and these are also the models estimated on larger samples. Albeit not a formal test, the similarity of such proportions across the two surveys suggests that the above-mentioned changes in question routing and wording in the FRS questionnaires are unlikely to be the sources of substantial differences in our comparative exercise.
From the regression analysis, we detect no significant cross-survey difference from We performed a number of robustness checks by repeating the whole analysis on the other (non-baseline) earnings definitions. The results (not shown) echo those reported in comparisons instead, it almost invariably becomes larger and statistically significant, indicating a departure in the wage effect on the probability of occupational pension contribution between the two surveys.
Conclusions
This whether the two data sources yield different results in relation to some illustrative exercises typical of uses of earnings data (such as the probability of being at the bottom or at the top of the earnings distribution, the estimation of earnings functions, and the probability of belonging to an occupational pension plan).
From the non-parametric exercises, we find that the 1995/96 comparisons deliver results that are typically closer between the two surveys than the 2003/04 comparisons.
Changing measure homogeneity or sample size, as captured by our different earnings definitions, does not lead to different conclusions. The fact that cross-survey differences in means and along the entire earnings distributions tend to amplify over time therefore suggests that both attrition and vintage effects, which may reduce the representativeness of the BHPS panel (but not, or less so, of the FRS data), are likely to play a major role.
The regression analyses strongly uphold these BHPS vintage effects. Whether we look at the probability of having low earnings or at the probability of being in the top decile of the earnings distribution, or whether we consider earnings equations or models of occupational pension contribution with earnings as an explanatory variable, the latest (2003/04) cross-survey comparisons are almost always further apart than the earlier comparisons. Again, this indicates that the differences between the two surveys increase with time, which, for the BHPS, coincides with its age.
Where does this evidence point to? And what can be learnt for future data collections? In large-scale (representative), multi-purpose (general) household surveys, reliable income data are always hard to gather. The FRS procedure of retaining in the official release of the data individuals who provide valid information on a minimum number of income questions is likely to produce high quality data but may not be applicable to all survey designs. The less demanding BHPS procedures, however, do not seem to be inferior in terms of gaining similarly reliable information. Other attempts to increase data reliability (for instance, using only original sample members in the BHPS, restricting attention to employees whose payslips are consulted and whose earnings records are not imputed) affect the statistical power of our cross-survey comparisons only marginally and, overall, appear to induce relatively small differences. By and large, instead, the process that seems to drive most of the cross-survey differences in our comparative work has to do with the possible quality deterioration (in terms of population representativeness) of the BHPS data as the panel becomes older. This consistently points to differential attrition and vintage effects, and emphasizes the importance of modelling them in panel data research (as in Cappellari and Jenkins, 2008) , especially when analysts are required to follow the same individuals over long time periods. 
